The identification of genes and SNPs involved in human diseases remains a challenge. Many public resources, databases and applications, collect biological data and perform annotations, increasing the global biological knowledge. The need of SNPs prioritization is emerging with the development of new high-throughput genotyping technologies, which allow to develop customized disease-oriented chips. Therefore, given a list of genes related to a specific biological process or disease as input, a crucial issue is finding the most relevant SNPs to analyse. The selection of these SNPs may rely on the relevant a-priori knowledge of biomolecular features characterising all the annotated SNPs and genes of the provided list. The bioinformatics approach described here allows to retrieve a ranked list of significant SNPs from a set of input genes, such as candidate genes associated with a specific disease. The system enriches the genes set by including other genes, associated to the original ones by ontological similarity evaluation. The proposed method relies on the integration of data from public resources in a vertical perspective (from genomics to systems biology data), the evaluation of features from biomolecular knowledge, the computation of partial scores for SNPs and finally their ranking, relying on their global score. Our approach has been implemented into a web based tool called SNPRanker, which is accessible through at the URL http://www.itb.cnr.it/snpranker . An interesting application of the presented system is the prioritisation of SNPs related to genes involved in specific pathologies, in order to produce custom arrays.
Introduction
In the recent past years, genotyping technologies knew a great development and studies about genotype markers are increasing in importance [1, 2] . Among them, the evaluation of Single Nucleotide Polimorphisms, also known as SNPs, is revealing very promising. SNPs are nowadays widely exploited for Genome Wide Association Studies (GWAS) [13, 4, 5] , identification of Copy Number Variations (CNV) [6] , observations of Population Stratification [7] and so forth. Since SNPs represent established genomic differences, their knowledge can be exploited to characterize each subject from others on study by correlating specific phenotype with a corresponding genomic pattern. The total number of SNPs in the whole human genome exceeds 12 millions and each SNP is related to different genomic properties depending on its position on the DNA strand: i.e. a SNP can be located within inter-gene regions or within intra-gene ones. Nowadays chip technologies allow to analyze up to one million SNPs for each patient due to chemical and physical limits that affect probe density. To overcome this limit, together with technological improvements, researchers are trying to define reasonable strategies to filter the initial amount of 12 millions SNPs. The first approach to optimize the SNPs probeset relies on the concept of Linkage Disequilibrium [8] (LD). LD mapping exploits a statistical similarity measure between adjacent SNPs and computes how much two SNPs are related each other, thus defining what is the genetic information improvement using both or just one of them. LD mapping is thus used to optimize the information contained into 1 million SNPs arrays. The second method able to reduce the number of SNP probes within a chip regards the possibility to create disease-oriented chip. This approach not only allows adapting the analysis to specific genetic studies but even to produce smaller arrays. In fact, this aspect relies on a crucial topic: which strategy can be followed to select the subset of SNPs suitable to create a specific disease-oriented chip.
The presented work is related to SNPs' probeset identification for producing genotyping arrays dedicated to pathologies, starting from genes or biological processes involved in such diseases. The tool scores different biomolecular features for SNPs associated to a set of genes, that is given as input and that can be expanded through an ontology-based engine. Once the SNPs final scores are computed, the system provides a ranked list of the most significant SNPs associated to the input set of genes. Moreover SNPRanker can be used for gene enrichment through the identification of the ontological similarity between the input genes and whole set of human genes. This allows to extend the initial gene list, by including also genes presenting a similar biological function (according to the considered ontology) thus potentially involved in the same disease.
The paper is organized as follows. Section 2 describes the related works; Section 3 lists the functional elements the system is composed by; Section 4 describes the activities pipeline performed by the system; Section 5 overviews the system's capabilities and presents a use case; Section 6 provides conclusions and future works.
Related works
The analysis of genomic variations is usually performed following two main approaches: statistical methods or machine learning techniques. The main difference is that while the exploitation of statistical methods requires a data model involving a set of a-priori hypotheses and parameters values, the use of machine learning approaches do not need a-priori evaluations, since models and rules are derived directly from a training set of data and the system is trained to fit a general model which will be then adopted for all other data. An alternative solution is offered by data mining approaches where users can visualize, plot and reorder data without fixed models and, if the system supports customizations, they can also validate their own new models on data and infer new knowledge.
Statistical methods are widely used in epidemiology and got many positive results in application studies [9, 10] . Nevertheless, statistical approaches are often computationally intensive, especially when dealing with large amount of data produced by high-throughput techniques, and this approach is often impracticable for most of the research laboratories. Therefore, many scientists found machine learning approaches very attractive: so far many studies exist exploiting machine learning approaches and are providing encouraging results [11, 12] . Machine learning methods are among the most promising approaches due to the flexibility and adaptation to data. When exploiting supervised methods, the training set must be carefully selected, since the model is created on it: the training set must therefore embed all peculiarities of the considered data type, thus allowing the model a-priori knowledge. In our case data are single nucleotide genomic variations (SNPs) and the a-priori knowledge is represented by features that characterize each SNP or the related gene and protein.
Data mining methods are mostly employed in business fields, for example for intelligent customer support and business analyses. In the genetic context a few significant works have been produced, for example in [13] the authors mine SNPs from families; we need a tool for scoring SNPs based on a priori information and where users can infer knowledge by setting parameters, like data mining facilities usually support. Only a few applications exploit machine learning in genotyping context. An example, concerning the genes ranking, is the so called gene prioritization [14] , a method that, given a set of training genes, considers a number of features from them, which represent the a-priori knowledge available from multiple data sources. Given a set of test genes, the cited system computes features values and ranks test genes with respect to their similarities, achieving the prioritization and highlighting the most important genes, with respect to the selected features.
No methods are available in literature to achieve, in SNPs context, results similar to gene prioritization through data mining and machine learning approach. The paper presents a new method for evaluating SNPs by features scoring.
System's functional components
The core of the designed system can be decoupled into four levels:
• gene list enrichment: exploitation of gene ontological annotation to enrich the initial list of genes provided as input;
• data integration: creation of a database for the integration of biomolecular knowledge retrieved from public sources;
• features set: choice of the features characterizing each SNP;
• evaluation function: definition of the function that provides a final score for each SNP.
Following subsections present in details the levels mentioned above and the related characteristics of the implemented prototype.
Data integration
The first step concerns the design of a database for integrating genes and genes products information, in order to provide a solid knowledge base on which the whole SNP-scoring system relies on. For this purpose a systems biology oriented and ontology-based database has been developed, which integrates data from a wide range of public resources. It exploits a MySQL server and relies on a data warehouse approach, which consists in collecting and transforming heterogeneous data from different sources, to allow their integration and accessibility. This approach is typical of data integration models and differs from data integrity models, often used for normalized databases which are widely used to maintain primary resources.
The database is gene-centric and considers at the moment only human genes which are annotated, among other features, by symbol, description, aliases and sequences. Data about SNP are downloaded from dbSNP [15] , which allows to integrate data about chromosomal and contig position, heterozygosity, alleles and function of the related DNA portion. Moreover, gene products have been collected as list of mRNAs sequences and related protein isoforms according to the NCBI RefSeq annotations (NCBI Nucleotide [15] ). Data about proteins include all the identifiers suitable to download the related sequences, functional domains [16, 17] and structural models from the Protein Data Bank [18] . The systems biology perspective leads to consider data such as the list of the biochemical pathways (KEGG [19] and Reactome [20] ) where human gene products are involved, and information about protein-protein interactions (PPIs), collected from BioGRID [21] , which complement knowledge about pathways and enable crucial network based analysis. The peculiarity of the developed database is represented by the multi-level approach to data integration, which enables a more comprehensive view of the examined process or disease: therefore, it should lead to a better selection of the set of SNPs to be included in a diseaseoriented custom chip. Finally, in order to provide a standard framework for data integration and a reliable engine for SNPs selection, the database has been built on a strong ontology layer. Whenever available, data have been annotated using ontological terms: Gene Ontology [22] for genes and KEGG Pathway ontology (derived from the hierarchical organization of KEGG pathways) for pathways are just some of the hierarchically structured vocabularies that underlie the infrastructure. Additionally, ontology structures allow to improve the performance of statistical and analytical evaluations by means of the graphs that undergo the hierarchically structured vocabularies and that shed light on the relationships between biological components.
Features set
The term "features" indicates a set of characteristics, related to each SNP, the machine learning approach relies on, in a direct way or through the gene and the gene product knowledge. The set of features chosen to characterize each SNP represents an a-priori knowledge of the scientific problem.
Since the described approach considers as input a list of genes, the system must consider biomolecular elements as related to genes in a vertical perspective. Therefore information is considered in both a top-down view, from proteins interactions to sequences of nucleotides, and a bottom-up perspective, starting from genes characterization and climbing up to processes and complex biological systems.
The features set includes genomic (Minor Allele Frequencies, localization on the DNA sequence), proteomic (InterPro [17] domains), interactomic (hub proteins), phenotypic information (essential genes).
In the following, a complete list of the considered features will be described.
Hub proteins
The evaluation of the number of protein-protein interactions (PPIs) established by a protein, i.e. the degree of the protein in the PPIs network, is an important aspect in assessing the biological relevance of a SNP occurring within or close to the gene that encodes for that protein. Indeed, it is known that hub proteins play a crucial role for the cell functioning and, in fact, are often encoded by essential genes. The database used in this work integrates PPIs data from HPRD [23] and BioGRID. By means of this information it is possible to score a SNP (x) associated to a gene with the following characteristic function, which considers the number of PPIs k x established by the protein encoded in the gene:
where α is the number of PPIs requested to be considered as hub. By default α = 20, according to [24] : through the web interface the user is able to modify this value.
Protein domain A SNP can create a missense or even a frame shift in the coding sequence, thus causing changes in the protein amino acid sequence, which can have a deep impact on the protein function according to the region where the modification occurs. In fact, if a change is localized within a domain, thus being functionally important, its effect on the biological function is potentially more relevant than if it is placed within a inter-domain region. Information related to the domain localization of the SNPs can be obtaining by linking InterPro Domain Architecture (IDA) data (which report the localization of the protein domain according to the amino acid position within the protein chain) with the knowledge concerning the amino acid position (which indicates the position of the amino acid modified by the SNP). This information can be easily accessed from the integrative database. The score of this feature is provided by a characteristic function, which applies greater values to SNPs occurring into protein domains (D) encoding regions.
Minor Allele Frequencies The Minor Allele Frequency (MAF) represents the frequency of the less frequent allele of a SNP in a specific population: it defines how much an allele (and thus its SNP) is relevant for a population. MAF score can even be employed to measure the "penetrance" of a disease in a population, in case the minor allele is more diffused in the affected phenotype than in the unaffected one in the control population.
Since we are designing a general system for different studies and applications, all populations considered in the HapMap project [25] When the "1000 Genomes Project" [26] will provide more accurate and updated values about MAF scores, we will update these values.
Localization on the DNA sequence According to the annotation provided by dbSNP [27] , functional relationship between SNPs (and possibly alleles) and genes are defined. Relying on this annotation the following categories have been considered C = { "unknown", "codingsynonymous", "intron", "near-gene 3"', "near-gene 5"', "nonsense", "missense", "frameshift", "untranslated 3"', "untranslated 5"'}.
According to the user's specific analysis the whole set C or subsets of it can be considered. Considering the vector c = (c 1 , ..., c 1 0), whose elements c i ∈ 0, 1 indicate the selection or the exclusion of the elements of C, the scoring function can be formalized as follows:
where v is a weight vector.
Essential genes Another important feature for SNP scoring is the kind of gene where the polymorphism occurs. It is known that some genes are essential to support cellular life, i.e. if their products are not correctly produced the cell hardly survives. The knowledge base used in this work includes data providing such information for homo sapiens [28] . Considering the set of human genes G and the subset of essential genes E ⊂ G, the scoring function is the following characteristic function:
Core scoring function
In order to obtain a significant score for each SNP, features' values must be processed through a core scoring function. This engine allows to compute the final SNP value as a real number, considering genes and genes' products information embedded in the defined set of features. Given the a-priori knowledge embedded in the described set of features, the user can interact with this information in order to better adapt it to his scientific studies: this is possible by associating each feature to a weight that represents the importance of that feature for the calculation of the final SNP score. The default values for all the elements in the vector w of the features appears in the tool web page: this model assigns the same importance to each feature, without assuming any specific perspective while performing the analysis. The scoring function g maps the values returned by the features scoring functions f 1 , . . . , f 5 and the weights vector w ∈ R 5 to a single final value, which is used to calculate the final SNPs ranked list:
where B = {0, 1}. The scoring function g has been defined in two forms; as the sum 1 or the product 2 (which determines a more restrictive SNPs selection) of the values returned by f 1 , f 2 , f 3 , f 4 , f 5 according to the weights w
Gene list enrichment
Ontologies are controlled vocabularies hierarchically organized. Their exploitation allows not only the use of standardized and recognized descriptive terms, but even to infer relations among objects that are annotated through ontologies. In the implemented system the ontology layer is exploited, other than for annotation aims, to enrich the list of genes provided to the system as input. From the input genes list g 1 the system generates the list g 2 ⊇ g 1 , which includes also the genes that present a high semantic similarity with the genes in g 1 . Four main methods exist in literature to carry on this task: three methods [29, 30, 31] determine the semantic similarities of two terms based on their distances to the closest common ancestor term and/or the annotation statistics of their common ancestor terms. A crucial drawback of these methods is that the distances to the closest common ancestor term cannot accurately represent the semantic difference of two terms: if two terms sharing the same parent are near the root of the ontology, thus being more general and less informative, they should have larger semantic difference than two terms having the same parent and being far away from the root of the ontology. Moreover, measuring the semantic similarity of two ontological terms based only on the number of common ancestor terms cannot discern the semantic contributions of the ancestor terms to these two specific terms. The fourth method [32] evaluates these limits and provides an alternative solution for measuring ontological terms similarity: the measure is based on the graph of the considered ontology. Within the proposed system, the [32] and the [31] strategies have been implemented, thus providing the user the possibility to choose the preferred method.
System design
The schema of the designed system is presented in Figure 1 . The system guarantees the flexibility and suitability to users scientific applications by allowing several parameters customizations that enable features set up values to better test hypotheses. User can access the system, provide the input list, modify system options and retrieve the final results through a PHP and JavaScript based web interface. Available options will be widely explained in next paragraphs and some screen-shots of the developed web site will be shown.
System input
The system takes as input an arbitrary list of genes. The dataset can arise from experimental sources (genes of interest originated from a laboratory experiment or from bibliographic research related to a specific scientific aspect): it can be provided as a list of comma separated standard gene symbols. Alternatively, the set of genes can be retrieved by considering the Gene Ontology for a specific biological process of interest, thus obtaining all genes annotated with the defined GO Biological Process term. Process selection is supported by an auto-completion JavaScript function. 
Ontology-based expansion
In order to promote the identification of new SNPs relations and to define a custom "model" for scoring SNPs that better allows data mining and new hypotheses formulation about SNPs influence, especially on genetic pathologies, a crucial function is available within the system, which enriches the input list g 1 by adding new genes that are biologically related with them. This step is performed through the exploitation of ontology similarity measures. Depending on the interests of the user, for each gene in g 1 the system retrieves a number of genes with the highest semantic similarity according to a specific ontology, such as the Gene Ontology, exploiting Wang similarity measure [32] and Schlicker one [31] . Similarity score is retrieved by a pre-calculated matrix, which provides an affinity measure for all couples of genes. Since the matrix creation is computationally intensive, a pre-filtering phase has been applied in order to select couples of genes which present at least one common ontology term.
SNPs extraction
The whole system relies on considering and evaluating data and metadata concerning the biomolecular building blocks. In order to obtain the SNPs associated to the enriched list of input genes, the system performs multiple SQL queries on the database. The output of this step is the list of SNPs associated to the input genes, scored but unranked. Since genomic coordinates and thus the definitions of genes can change during assembly upgrades, we keep track of historical data and users can specify the dbSNP release on which query the system.
Score computation
The function exploited to obtain the final score associated to each SNP relying on a-priori knowledge has been introduced in section 3.3. From the application point of view, the user can widely interact with the system to perform this step. First of all the user can specify which features to adopt for SNPs scoring: actually he could be interested to consider some characteristics while neglecting others. The default condition is considering all the listed gene and gene products features. Moreover, user can freely assign different weights to each feature, according to the scientific challenge that has to be faced: in specific context some properties might be more valuable than others. By default all features have a weight assigned by authors on the basis of most common genotyping studies. User can even interact with some thresholds considered in the system. He can freely choose: whether applying the ontological expansion or not and what similarity score threshold to consider; the minimum number of interactions valid to consider a protein as a hub protein; whether to exploit a sum-based or a multiplication-based scoring function, to provide respectively similar importance to all the chosen features in the computation of the SNPs score or to select just those SNPs that are significant in a specific biological context.
SNPs ranking and Filtering
Once all scores have been computed, the last step consists in ranking all SNPs relying on their score value. Due to the great amount of SNPs potentially reported as output, the user can decide to cut the list. In fact, before running the processing, user can select the percentile where he wants the result list to be cut. Available options are "Percentage" (followed by the corresponding threshold) or "No filters". Final results have to be written in a file and then user can download file through the web link.
Results and Discussion
SNPRanker is available at the web link http://www.itb.cnr.it/snpranker. The developed system is aimed to support SNPs analysis, particularly interesting for helping SNPs/disease association studies. The input of the system can be either a predefined list of genes, typically whose evidences have been found related to the same pathology, or a set of genes associated to a particular biological process, as shown in Figure 2 . The ontological expansion is an important tool for studying SNPs related to pathologies, since it allows to extend the analysis to SNPs that could potentially be involved in a pathology onset but that have not being highlighted by more traditional approaches. In fact, this tool permits to increase the number of SNPs in analysis even considering those belonging to genes that present similar semantic annotations with the genes initially considered. For instance, in Table 1 , we show the top ranked genes showing the highest semantic similarity with the gene CCND1 encoding for the cyclin D1, which controls the cell cycle process. The semantic similarity was calculated by means of the Wang's method [32] considering the Gene Ontology Biological Process. The method successfully identifies the genes annotated similarly to CCND1.
The setting of SNPs feature weights values has been thought as a support for population genetics studies. Actually, this property allows to assign different levels of importance to diverse biomolecular aspects. For instance, depending on the aim of the specific study, it is possible to assign a high relevance to SNPs associated to hub proteins or SNPs occurring in regulatory regions such as the 5' near gene region. An overview of these possibilities is provided in Figure  3 . Finally, the retrieval of the scored SNPs ranked list is specifically aimed to support evaluation of genetic diseases.
Starting from the queried gene CCND1 and its semantically more similar genes (CCND2, CCND3, BCCIP, CDK5R, C13orf15) a list of ranked SNPs has been obtained exploiting the developed core scoring function. The whole list includes more than 1500 SNPs characterized by diverse features and thus assuming different degree of importance. Considering just genes with a final score ≥ 0.01 the list can be reduced to 499 genes. Part of the results obtained from CCND1 gene is reported in Figure 4 . At the top of the ranked list there are 4 SNPs belonging to CCND1 (which codes for an hub protein), and placed on functional protein domains. Information about essential genes in not exploited in the described example, since no genes from the input list (nor in the original version neither in the enriched one) are labeled as essential for life. An interesting parameter is represented by DNA localization. Within this feature crucial information related to the position of the SNP on the DNA chain is included: different forms of localization can be considered and a weight can be provided to each of them, according to the specific use case. In particular, referring to the considered example, while performing evaluations about DNA localization of listed SNPs it results that most of them are placed on intronic regions (around 60%) on DNA: this is obvious considering the high percentage of intronic regions on DNA strand compared to the esonic areas. According to the considered weight values SNPs present on introns are localized at lower positions within the ranked list, while at the top of it many "frameshift" and "missense" are concentrated. The latter localization types are only around the 3% of the whole set but SNPs in these positions obtained higher scores. Descending the ranked list, SNPs occur that are localised in UTR regions and near the gene. The "unknown" value is important for covering other DNA regions.
Conclusions and Future works
The presented work concerns a system aimed at supporting SNPs based pathologies and biological pathways studies, especially in the context of clinical genotyping chips single-disease oriented. It relies on the identification of a set of crucial features characterizing each SNP related to a list of input genes. This represents the a-priori knowledge and allows to assign a final score, that can be modulated by the user according to the considered scientific aspect, to each SNP. A ranked list of SNPs is retrieved. The system can be exploited to identify the most important SNPs in population genetics studies. Although SNPs scoring features have been carefully selected by performing an overview of all the biomolecular available knowledge, the system still lacks a solid reference to disease direct knowledge. The availability of even sparse data associating specific SNPs to defined pathologies can in fact be relevant for a more precise evaluation of SNPs importance in disease onset. Future developments of the presented system will consist in the identification and integration of well established disease-oriented databases, such as OMIM [33] which contains manually curated data about clinical evidences of genes/pathologies correlations, and other sources of non-mendelian diseases. 
